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What is Text2SQL?

Leveraging structural reasoning capability with LM

User Question
Could you tell me the names of the 5 leagues with the highest matches

of all time and how many matches were played in the said league?

User
Database Schema ?

TABLE Country |
TABLE League |

Execution Results

TABLE Match

{"league_id" integer, 3040  Spain LIGA BBVA g‘@'

"id" integer, primary key, -
"match_api_id" integer, @» q
"date" fext, - 3040 France Ligue 1 G}

"country_id" integer, s
"season" text, LLM 3040 England Premier League ﬁ
"stage" integer,
"away player 1" integer, 3017 Ttaly Serie A ‘
L] "possession” text,
"goal" text, L
p%i[x)saryel)((cy("i a4 2448 Netherlands Eredivisie @
Generated SQL Query f
SELECT League.name, count(Match.id) FROM Match INNER (—>o]
JOIN League ON Match.league_id = league.id GROUP BY — =
League.name ORDER BY count(Match.id) DESC LIMIT 5 Database

Fig. 1. Anexample of LLM-based text-to-SQL is selected from the BIRD [1]
dataset. A user asks a question about football leagues. The LLM takes this
question along with the schema of the corresponding database as input and
generates an SQL query as output. The generated SQL query can be executed
in the database, retrieves the content “The 5 leagues with the highest matches”,
providing the answer to the user’s question.
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What is Text2SQL?

« How to resolve these challenges for successful Text2SQL performance?
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How recent trends are embedded in Text2SQL

LEARNAT: LEARNING NL2SQL wITH AST-GUIDED
TASK DECOMPOSITION FOR LARGE LANGUAGE MOD-
ELS Text2SQL taskO| Al LLM 2| sub-task decomposition

SEHE gd5t7| fleh gd HolH = 8 &3 sts
Anonymous authors

Paper under double-blind review tclgl- I:é-l % X'” O|_|'

BIRD-INTERACT: RE-IMAGINING TEXT-TO-SQL EVAL-

UATION VIA LENS OF DYNAMIC INTERACTIONS Multi-turn conversation, Agentic A0l A{ 9]
Anonymous authors Text2SQL interactionS simulate, evaluate®
Paper under double-blind review 9}'\% _L_é_;l 7|. i E.” OEI _C?__I 3 X—” OI_ F



Reasoning Text2SQL
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LearNAT

Motivations: Task decomposition is a critical bottleneck for applying LLM to Text2SQL
Gold SQL i..

{ T T
B @ Slitie i Subtask Generation® Subtask Evaluation @
Scores (a) AST-based Decomposition with Semantic Verification

Methods

[ Query ]_“z.[ saL ] A0 5 r_ -*’f‘-
3 uery T%’ '—» l<_ fo)

A )

ain % ([
oy = sy ™ (wsatg ™22 ]| oA
D e
Que sSQL X . .- .\
Gt Figure 7: AST-based Decomposition vs. Search-based Decomposition

Figure 6: A preliminary experiment was conducted. We randomly selected 500 cases from the
BIRD Train dataset and employed QWen-2.5-Coder to perform the NL2SQL task. The experimental ~ Table 5: Experimental results on evaluating subtask correctness using language models.

L

1o y .
K Subtask Generation @
(b) Search-based Decomposition with AST-based Verification

T
Subtask Evaluation@

results indicate that enhancing the LLM’s task decomposition ability is crucial for improving its
performance on NL2SQL tasks. Accuracy
Models Correct (227) Error (273) Total (500)
sentence-transformer 92.1 9.2 46.8
GLM-4 45.4 20.5 36.0
- LLMOJA| Oracle sub-task decompositiong & 4% SQL 85 &&0| &7|Ho =z O|FX|= d= &
- J2{L} LLM Sub-task Decomposition| quality7t O X|11 25 &l sub-task2| LLM &4 AT F=td0| 012 EOX|=
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LearNAT

« Motivations: Task decomposition is a critical bottleneck for applying LLM to Text2SQL

- Find out the average salary of employees older than 30
PV Y in all departments and return the name of the
department with the highest salary.

SELECT d.name 2
FROM departments d (==}
JOIN employees e ON d.id = e.department_id

WHERE e.age > 30

GROUP BY d.id
ORDER BY AVG(e.salary) DESC

LIMIT 1;

(a) LLM on complex NL2SQL task.

+ Subtask#1: Find employees older than 30.
+ Subtask#2: Calculate the average salary for each

department.
« Subtask#3: Find the name of the department with the
highest average salary

(- subsaL#1: 2

SELECT id, name, department_id, salary ==k
FROM employees
WHERE age > 30;

+ SubSQL#2:
SELECT department_id, AVG(salary) AS avg_salary
FROM (
{SubSQL#1}
) AS subgquery
GROUP BY department_id;

+ SubSQL#3:
SELECT d.name

FROM departments d

JOIN (
{SubSQL#2}

) AS avg_salary_table

ON d.id = avg_salary_table.department_id

ORDER BY avg_salary_table.avg_salary DESC
LIMIT 1;

J
(b) LLM on multiple simple NL2SQL subtasks.

Figure 4: (a) illustrates the LLM directly solving a complex NL2SQL task, resulting in an incorrect
output. (b) shows the LLM solving multiple decomposed simple NL2SQL subtasks from the same
task in (a), resulting in a correct output. This motivates our approach to enhancing the LLM s ability
to decompose complex tasks, thereby improving its performance on challenging NL2SQL queries.



LearNAT — Decomposition Synthesis Procedure

Overview for Decomp05|t|on Synthesis Procedure

(W Ceorecs | g @V _______ e DN V(B rrgweaveneses | LLM | sub-task Decomposition 53 &F&fS #let
. L ! ‘ aE |
| S Operator Nodes | ‘ | | Remantedes & V/erifiable Decomposition dataset 713 B S
L!.?‘ler_afd_'\'_"f'ef_:' ! (Subtask#1: [..]) [ Subtask#1:[.]) [ Subtask#1:[.]) ! |\ InvalidNodes | o
Pyt . 44 SubsQL#1:[.]| | SubSQL#:[..]| | SubsQL#:[..]| ! | (eiiiiiiis \ X-” |_|-
: <J| : 2/ L Q) y ! : | | Sucoessful Trajectories ! ! < ec
: | : T il n[— SFT S
) ! A (‘Subtask#2:[..]| [ Subtask#2:[..]) ! : : i__[;l _[@_ i
I . 1 ______ SubSQL#2: [...] SubSQL#2: [...]| | I : =
i’ : : L Q) L ] SR [ I Contrastive Node Pairs | | Pref | ) ac
' il : — Il H|l— reference learning &
h i | (Subtask#3: [..]] (Subtasle#3:[.]] (Subtask#3:[.]) ! It l_@ _[TI_T]_- : 9
A ps 1 | subsaL#a:[.]| | SubSQUL#3:[]| |SubSQL#E:[.]| | : [
: St 1 % ®) ?) L Q‘/,:|: @ ,:
(a) AST of Gold SQL  (b) AST of SubSQL (c) Subtask Search via MCTS (d) Data Collection GLM-4-PlusZ Gold- queryoﬂ H |.o:| MCTS
Figure 2: Framework of the Decomposition Synthesis Procedure. (c) illustrates how the LLM, HEaF AST Pa rSIng A1 ggot

combined with MCTS, performs next-step prediction to synthesize subtasks of complex NL2SQL
tasks. (b) presents the AST of the SQL statements corresponding to each synthesized subtask in
(c). (a) shows the AST of the Gold SQL for the complex NL2SQL task, which guides the MCTS in
(c) to perform more efficient search, including pruning and node reward estimation. (d) depicts the
data collected by LearNAT during the Decomposition Synthesis Procedure, comprising successful
trajectories data for supervised fine-tuning and step-wise contrastive node pairs data for preference
learning. Under the default settings of LearNAT, GLM-4-Plus is used to synthesize decomposition
data, and the Qwen2.5-Coder model is fine-tuned.

verifiable decomposition & A|

Figure 5: The abstract syntax tree (AST) of the given case in Fig. 4. Each simple NL2SQL subtask
in Fig. 4 corresponds to a subtree within the AST. Clause nodes, operator nodes and operand nodes
were defined in Sec. B.




LearNAT — Decomposition Synthesis Procedure

 Problem Definition

MCTS HAI 9 2 Decompositiona & Al -> Tree search problem
sub-task decomposition2 MCTS 1 E22 M&5IH state= i sub-task, action= decompositionOf si

_ o .
si = {95, ¥, AT (1), ATsum (1), R(s)}= i query decomposition state W e (AR |
ry I
Symbol " - Operator Nodes : i
- ymbol escription
Natural L to SQL (NL2SQL) - Operand Nodes ;' L | Sublask#‘\ [.1) (Subtask#1:[.]) [ Subtask#1:[..] E
Q Natural language (NL) question N ' SUbSQLﬂ [.. l SubSQUH [ J| | SubSQL#1:[..]
Y Corresponding SQL query -ATsum (y%) - (vaumz Ssum): (1) 1 N |
DB Database schema \ }
K External knowledge i i : - J\ B t
Abstract Syntax Trees (AST) 1 o
Abstract Syntax Tree, a directed acyclic graph J’V;um = U N(AT(yJ )), Esum = U 5 (AT(yJ ) ) . (2) < L 1
AT(Y) = (V,€) of SQL query ¥ . i b !
N Set of nodes in AST Jj=1 Jj=1 l = ”3[ Y ¥ ]
c i tasl ubtas| ubtask#3: [...
gﬁgj\(fN E:el;L?sfee:l%?elsn AT {Subsmﬂa ] [Subsom[ 1J {Subsaws: [ﬂ E
ne €N, Operator Nodes 9 )
ny € Ny OperandNodes — smmm s e e e s N e e

(a) AST of Gold SQL (b) AST of SubSQL (c) Subtask Search via MCTS

Sub-SQL yi= AST parsing2 %A £ nodeZ 2F 2 = A (node classification)

Progressive Node: AT (y;)2| sub-treeO| MM ATgym(yparent) 2l sub-tree?t Ot B2, = Z|F sQL H-dof 2AHSIHM =
& sub-query?t #+&2kl= MEZ2 sub-query -> Decomposition 7}X| O

Redundant Node: AT (y;)2| sub-treeOlHA ATsum(yparentr)) 2l sub-tree® B, & =[E sQL Y- 0f 2o{stLt

=X sub-queryd| ZetE|= HL -> Decomposition 7+| X

Invalid Node: AT (y,)2| sub-tree?} Ot A%, HXEl decomposition -> Decomposition 7}X| X

- Node classification® S8l A decomposition IFH 0| 2%t S SHX| %2 sub-taskE A SI0 SFT, DPO &% label mappingi|
ste
= O 9




LearNAT — Decomposition Synthesis Procedure

 Problem Definition

=2 =22 step-level fine-grained sub-task decompositions X|2f. 2t A ZF decomposition stepd HAH =&
O 20l 3 WHE ?Iot reward?t EQ

k= DPO7Z|Bt preference learningOl Al AFE & win, lose case?t2| fine-grained marging £ 0{5t7| ¢|ot
reward estimation2 2!

R(si) = a - simyoge (AT sum (%), AT (Y)) + (1 — @) - simggyct (AT sum (¥:), AT (Y)),  (5)

SiMnoge(AT1, AT2) = Y w; - simy (AT, AT ), (14)

te{c,o,v}

. . TED(AT1,AT32)
Slmstruct(ATl , ATZ) =1 maX(|.AT1|, |A7-2 |) ’ (16)




LearNAT — Margin-Aware Reinforcement Learning

« Warm-up strategy for Foundational Skill Acquisition
LLMZ Sub-task decomposition0] E3tk|= & x7| ot&2 SFT @Alo =z T

22 (9, DB,X) -> original query, DB schema, external knowledge
%E_:! {(CI1; )’1); ey (Qni y‘n)})

I
Lsrr = Ez 1) Zlogpe (ti | tri—1, ) |,
i—1
(Q, DB, K, {(a1, y1), - - -, (an, yn)})

I
po(t | ®) = [[io1po (ti [ t<iy )

(6)

11




LearNAT — Margin-Aware Reinforcement Learning

« DPO with AST Margin

DPO 7|8t2| preference learning=2 ¥ 510

A= (9Q,DB, K, (q1,y1), -, (qi—1, ¥i—1)) -> original query, DB schema, external knowledge, i-1#® 7}X| 2| sub-task decomposition Z 1}
Win: ((q;", ¥{"))
Lose: ((q}, y}))

Lpro (ﬂ'ﬂ; "Tref) = _E(x,yw,yg)ml) [IOg ag ((’39 (x! yw) - 723(56! yl))]

Fo(,y) = flog W1

13
7Tref(y | :U) ( )

d2{Lt DPO ¥4l Q| preference learning2 2 = step-wise sub-task decomposition2 & 38H7| 02 &

Fine-grained sub-task decomposition2 ?/®t AST marging DPO loss&0| 37510 Preference learning & 4|
Lyvppro (763 Tret) = —E(z,yo ,5)~D 108 0 (Fo(x, yu) — To(z, y1) — Ar)], (8)

where A, = margin((q;’, y;‘”)L(_(gi, yﬁ)) margin((g}", ¥i"), (a5, ¥i)) = R(s}’) — R(s}).

- Wine, lose?t2| reward margin2 lossOll =7t2t2 2M win case”l loseChH| H0fLt Of MSE = A=X[0f 2t signal2 & = US
ub-query AKX BRE win, lose datasetg 2 5tA| 2 St THA| MX[2] decomposition = 21§ HIE L2



LearNAT — Experimental Setups

« Experimental dataset

Table 7: Statistics for NL2SQL benchmarks.

Benchmarks | #Queries
BIRD-train | 9;428 9,003

Simple Moderate Challenging Total
BIRD-dev ‘ 925 465 144 1,534
Spider-dev Easy Medium Hard ExtraHard Total
P 248 446 174 166 1,034

{'question_id": 0,

'db_id": 'california_schools’,

'‘question’: "What is the highest eligible free rate for K-12 students in
the schools in Alameda County?’,

'evidence': 'Eligible free rate for K-12 = "Free Meal Count (K-12)" /
“Enrollment (K-12)7,

'SQL': "SELECT “Free Meal Count (K-12)" / "Enrollment (K-12)" FROM
frpom WHERE "County Name' = 'Alameda' ORDER BY (CAST('Free Meal
Count (K-12)" AS REAL) / ‘Enroliment (K-12)") DESC LIMIT 1",
'difficulty': 'simple’}



LearNAT — Experimental Setups

« Implementation details

 Metric

SQL Query generation Evaluation Metric

- Execution Accuracy (EX)

N
Wy ={ LT V=T
VYl o if VAV

F.1 IMPLEMENTATION DETAILS.

We employ GLM-4-Plus’ as the primary model for synthesizing decomposition data and fine-tune
the model on Qwen2.5-Coder (Yang et al., 2024a), including its 7B, 14B, and 32B versions. We
used the PyTorch library to implement all the algorithms based on the open-source HuggingFace
transformers (Wolf et al., 2019) and LLaMA-Factory (Zheng et al., 2024). The experiments are
conducted on 8 x A100 GPUs. During the SFT stage, we utilize the AdamW optimizer with a learn-
ing rate of 2e-5 and a cosine warmup scheduler over three epochs. For DPO training, the Adam
optimizer is used with a learning rate of 2e-6, and the (3 parameter is set to 0.2, in accordance
with the original DPO configuration. In Eq. 14, we assign equal weights to all three nodes, i.e.,
we. = w, = w, = 0.33. Based on our experimental observations F.12, we set « = 0.75 in Eq. 5.
During inference, we strictly follow the evaluation protocol provided by DAIL-SQL (Gao et al.,
2024) (the Without Voting setting). The protocol provides a complete set of prompts to better struc-
ture the instructions, user queries, and database schema information, enabling the LLM to generate
a single response from which the SQL statement is extracted as the final answer.

14



LearNAT — Result

« Main result: Results of Decomposition Synthesis Procedure

Table 1: Results of Decomposition Synthesis Procedure. The de- Schema Linking
composition success rate and token consumption on BIRD-train f
are reported.
Float Computation
~
Methods Success Rate Token Cost
CoT 59.07% 16,735K S Unknow Rules
MCTS 71.55% 334,694K \_Error Answer
+ AST Guide 78.01% 133,877K
+ Self-improvement Demonstration Figure 3: Error distributions of
(1 round) 79.33% 137,456K  Decomposition Synthesis Proce-
(2 round) 79.73% 142,017K  gyre on randomly selected 50 er-
o) N 145.977K  tor cases from the BIRD-train.

- HN|2kst Decomposition Synthesis Procedure 2 ‘4%l 8t HIO|HAlo] ME|MH S 2QIs7| ?|st ME T

OOI-

- Self-improvement Demonstration &-&7tX| ot H{™2 80%2| decomposition 8S&= 2



LearNAT — Result

Main result: Competition on the Public Leaderboard

Table 2:
| | BIRD-dev (In-Domain) Spider-dev (Out-of-Domain)
Methods | Venue LLMs | Simple Moderate Challenging Total | Easy Medium Hard Extra Hard Total
System-Level

C3-SQL GPT-4 58.9 38.5 319 502 | 92.7 85.2 77.6 62.0 82.0

DIN-SQL NerulPS’23 GPT-4 50.7 | 91.1 79.8 64.9 434 74.2

MetaSQL ICDE 24 GPT-4 91.1 74.7 64.1 36.1 69.6

MAG-SQL GPT-4 65.9 46.2 41.0 57.6 85.3

SuperSQL VLDB’24 GPT-4 66.9 46.5 438 585 | 944 91.3 83.3 68.7 87.0

MAC-SQL | COLING’25 GPT-4 65.7 52.7 40.3 59.4 86.7

Model-Level

ACT-SQL EMNLP’23 GPT-4 91.1 79.4 67.8 44.0 74.5

CatSQL VLDB’23 N/A 95.8 88.3 74.7 62.7 83.7

DAIL-SQL VLDB’24 GPT-4 62.5 43.2 37.5 543 | 90.3 81.8 66.1 50.6 76.2

SENSE ACL’24 CodeLLaMA-13B 555 | 952 88.6 75.9 60.3 83.5

s CodeS-7B 64.6 46.9 40.3 570 | 94.8 91.0 75.3 66.9 85.4

Code3 SIGMOD’24 CodeS-15B 65.8 48.8 424 58.5 | 95.6 90.4 78.2 61.4 84.9

Ours

Qwen2.5-Coder-7B 65.4 48.4 424 58.1 | 95.2 92.4 76.4 67.5 86.4

LearNAT Qwen?2.5-Coder-14B 68.5 51.4 45.8 612 | 956 91.5 80.5 68.7 86.9
Qwen?2.5-Coder-32B 70.7 55.5 59.0 65.0 | 96.4 92.4 85.1 69.3 88.4

- N2t LearNATO| 7b variant®tQ 2 = System-level baseline0| 28st 452 =&, 32B variant= SOTA 85 &4
. o . o A = o ABHS H o o L
- System-level baseline2 pipeline +=&2| F7t HZ2HE AL Z S5t LearNAT CHH| 2 458 20C= H

16



LearNAT — Result

« Main result: Comparison under Identical Evaluation Protocol

Table 3: Performance comparison of LearNAT and competitive literature under identical evaluation
protocol. Bold indicates the better result.

Methods | Evaluation Protocol | LLMs | BIRD-dev (In-Domain) | Spider-dev (Qut-of-Domain) | Total
| \ | Simple Moderate Challenging Total | Easy Medium Hard Extra Hard Total |
SynCoT SynCoT Qwen2.5-7B-Instruct 59.2 789 | 67.1
LearNAT SynCoT Qwen2.5-Coder-7B 67.6 48.0 45.8 59.6 | 91.9 91.0 71.3 63.9 83.6 | 69.2
OmniSQL OmniSQL Qwen2.5-7B-Instruct 639 81.2 | 709
LearNAT OmniSQL Qwen2.5-7B-Instruct 68.2 50.3 50.7 61.1 | 96.0 91.5 71.6 65.1 86.0 | 71.1
SQL-ol SQL-ol Llama3-8B 71.8 52.3 45.2 63.4 | 944 93.0 81.0 68.7 874 | 73.1
LearNAT SQL-ol Qwen2.5-Coder-7B 72.5 54.2 49.3 64.8 | 96.4 94.8 78.2 74.1 89.1 | 74.6
Alpha-SQL Alpha-SQL Qwen2.5-Coder-7B 72.6 59.3 53.1 66.8 | 94.0 89.2 76.4 63.3 84.0 | 73.7
LearNAT Alpha-SQL Qwen2.5-Coder-7B 744 61.5 52.8 684 | 97.2 96.0 80.5 711 90.6 | 774

- Baseline'd inference T120| CtE2 2 LearNAT2| checkpointE HIE2 2 Z} baseline®8 Inference T EE M S 2| 45 H3IE &S
- OmniSQL2| BIRD-dev ‘45 St&2 Mgt B& R0 M d& 20| O|F|E. O|= LearNATO| H|tSt= sh& Q| LLM XHH|2| Text2SQL =

SZdS Zxots =0 e
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Bird-Interact

User TaskQ)  Configuration (Turn 1
e q )
Subtask gy : “Build a function to calculate and rank all o |"Build a function to calculate and rank all artifacts to
artifacts to to identify which need urgent care.” identify which need urgent care.
Subtask q,: “For the most urgent, show its most recent g i Subtask q
risk-assessment level and conservation-priority score.” i .
. Reading the DB schema, and column meanings.
Annotated Amb. and Real Intentions - - -
? “Can | ask what specific scoring metric should be
? “need urgent care”=y ORDER BY AVS DESC sqL used to determine ‘urgent care’?” VT
?V /;Avs}jb{"Arrl‘fgaft IF * CPI AS AVS sQL T'LG 2
ulnerability Score, Lo
4 / oy ["The urgent care determination is ranked by the
. - Artifact Vulnerability Score calculation.” Y
User Simulator 2/ pX Clarify |
A o uayen | -
Actions | | Observations #) Searching “AVS" from KB, but find no definition.
'
Sv'f-ter' S ﬁ [”I see. Can you clarify the exact formula for the AVS?”
Actions | | Observations 558
Y Turn 3
DB Environment £ #f ol p— — "
d les M Confi o 4 | “AVS is calculated as IF multiplied by CPI
DB Metadata Files onfiguration -
Clarify
HIE{/{:‘L‘[QLUAH:ﬂH/(f“(eg/b'l/y. {JHIH&/%/ Key UF.d.’[U.&iCl. CREATE OR REPLACE FUNCTION rank ur'ggnt car‘e()
ArtifactRatings|HistSignRating: rating for historical s RETURNS TABLE(id INT, name VARCHAR, cpl NUMERIC) AS $5
‘D | ArtifactRatings|ResearchValRating: rating for resec SELECT a.artregi;try, a‘ar‘tnam;,
. ArtifactRatings|CultScore: artifact cultural importance ((r.histsignrating + r.researchvalrating +
[°] r.cultscore) * (1@ - a.conservestatus) / 30.8 AS avs
DB = Knowledge Base Doc X' FROM artifactscore AS a
# Congervation Priority Index (CPI): (10U - conservation JOIN artifactratings AS r ON a.artregistry = r.artref
;;?rll“;sj /30F +or (IF: historical rating t tural ORDER BY avs DESC;
Influence Factor (IF): historical rating times cultura ANGUAGE sql; -
score. e i
# Artifact Vulnerability Score (AVS): missing? L

User-Agent Interaction Example

Turn 4 —
» -
o Checked by the test case 71 o

| | expected_results = [

\_return_ True

“ N N | (1e1, 'Ancient Scroll®, Decimal('7.20" |
“Your SQL is not executable. syntax: | actual_resutes = prat_guery.resulclo] |
u error at LINE5:) / 30.0” Feedback || === actual_results == expected_resul JI

CREATE OR REPLACE FUNCTION rank_urgent_care()
RETURNS TABLE(id INT, name VARCHAR, cpi NUMERIC) AS $$
SELECT a.artregistry, a.artname,
((r.histsignrating + r.researchvalrating +
r.cultscore) * (10 - a.conservestatus) / 30.80) AS avs
Turn 5

- -
Jon  SQLis checked by the annotated test caseq o

“Good job! , that’s what | want. Now, for the most urgent
artifact you just reported, show its most recent risk-
assessment level and conservation-priority score.” (subtask q,

SELECT ta.id, ta.name, lr.conservepriorityscore, ta.avs
FROM (SELECT * FROM rank_urgent_care() LIMIT 1)
AS ta
CROSS JOIN LATERAL (
SELECT riskassesslevel, conservepriorityscore
FROM riskassessments
WHERE artrefconcerned = ta.art_registry_id
ORDER BY riskassessregistry DESC

LIMIT 1) AS lr; n
Tumn 6 2
- —
i SQL is checked by the annotated test case‘ﬁg §

feedback
[ “Good job!, you solved all my questions!” [Termination]

,[def test_case(pred_sals, sol_sqls, db_n R
4| execute_queries(pred_sqls, db_name, conn) |
verify_sql = “SELECT * FROM rank_urgent_ |

| pred_query_result = execute_gueries(ver

Figure 1: Task overview of BIRD-INTERACT showing the evaluated system interacting with DB
Environment and User Simulator to complete the user task with a sequence of sub-tasks.
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o] Zo|(single)2 ShAT = Y& AH St HEFQ| sQL T2
She 48 BT MOIS CHEHH, i3t ¥A o2 4oxig
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o

M
o
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Bird-Interact — Method

 Problem Formulation

Multi-turn collaboration &2 0| A] system2| Real-world Text2SQL LHE 5HS EIts7| It =AM A2 otz et

Zto
E=E O

- Text2SQL system Sg= DB Environment €& = {D, M, X} & HI'E 2 Z User simulator U, 2t2| Interaction=

ub = Uy (W01, E), st =Sp(h 7 ul,E), bl =h!T @ (ul, s!) (1)

- iR TurnOtCE user simulator= history, iH® sub-task g;, DB EnvironmentZt =01 & M tHM interaction=
AH A
o O

- i':"WH TurnOFCE system2 history, it1® user query u!, DB EnvironmentZ} =O{ & I tHR] FHHZ MY

- Z} sub-task q;0OFCF ground-truth SQL o) 2t Test cases 7; mapping=lO{ sub-task THY 2 HaH S =0lg
9;'\8

- ZF taskOFCF 2702 sub-task 2
follow-up sub-task® & &

e = A2 ambiguityE 2 5H7| {8t priority sub-task,
0|2

=
e
A
T A
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Bird-Interact — Method

Benchmark Construction

LiveSQLBench H|O|E{Al & 7|Ht© 2 Benchmark &

A Dynamic and Contamination-Free Benchmark for Evaluating LLMs on Real-

Read-only operation2|0| = Data Manipulation Language, Data Definition Language & Ct&ot SQL caseE
ot = UAes Hot =g =4

benchmark HHZ % AL 7ts

Database®2| metadata®} External KnowledgeE A St= Hierarchical Knowledge Base =X

7|E LiveSQLBench& single-turn benchmark® 2 =&2 O|Z real-world 87} etd & Bt = U= multi-
turn benchmark& +5 6t At &

12E 9| ME AnnotatorE 2 &30 ambiguity injection, follow-up sub-task generationg &% multi-turn
benchmarkZ H2HS AA|

Rank / Window Model Organization Success Rate (%) Avg. Cost (USD) / Task
5 1 G f
@ o3-mini OpenAl 31.15 ® 0.0225
Q 2024-11 — 2026-03
62
& GPT5 OpenAl 31.15 ® 0.0383

2024-11 — 2026-03

L i Ve S Q L B e n C h £ @ o4-mini OpenAl 29.54 ® 0.0188

2024-11 — 2026-03

4

World TeXt-tO-SQL TaSkS I AT @ o3 OpenAl 29.54 ® 0.1752

5 =
IS Paper (Coming Soon) ) GitHub % LiveSQLBench-Base-Lite % LiveSQLBench-Base-Full vl 2024-11 — 202603 A Claude Sonnet 4 Anthropic 27.01 ® 00601

i 6 ~ =
& Subscribe for New Releases ¥ Qwen3-235B-A228B Qwen 26.90 ® 00043

2024-11 — 2026-03

Link

©

R

Ro)

®
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Bird-Interact — Method

« Benchmark Construction

1. Ambiguity Injection -> Priority sub-task generation
- 7|& user query0| superficial user query ambiguities, Knowledge ambiguities, Environmental ambiguities&
X Ol

T
- superficial user query ambiguities= user?| 223t EH0| A2 2 ambiguity?t F/El= B (intent-level ambiguities)2}
7

He, A7t & 7+ CH Y 2522 25 ambiguity TY <7t X implementation-level ambiguities
- Knowledge ambiguities= external knowledge K0l £ 72| knowledgeE X #5t0] ambiguityE = &ISt= one-shot
knowledge ambiguity, multi-hop knowledgeO| Al &7t chaing X|7{5t= knowledge chain breaking2 £ ambiguity ¢
- Environmental ambiguities= 7|E LiveSQLBenchOf| Al metadataOfl =XHSt= ambiguity= 20|

- Ground-truth SQLOIA ambiguityZt == F&20 ST St= SQL snippet= paringdtd] clarification source2

A2
Knowledge Chain 5 . —_— intent-level + knowledge ambiguities implementation-level ambiguities
need urgent care knowledge ']_Tl_"g.l |ntera Ct|o n 1
“Ranked by AVS index.” explanation

12.6% 10.4%
126%
1.’7%‘2“ sort_ambiguity

knowledge_linking_ambiguity 24.6% decimal_ambiguity
knowledge_ambiguity 125 null_ambiguity
intent_ambiguity join_ambiguity

s schema linking_ambiguity o 30.6% distinct_ambiguity
semantic_ambiguity divide_zero_ambiguity

2519 B other

CPI

“historical rating times cultural “ (10~ conservation status) / 30”

score”

Figure 2: Knowledge chain break-

ing ambiguity. Figure 9: Ambiguity types distribution.
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« Benchmark Construction

2. Follow-up Sub-tasks Annotation -> Follow up sub-task generation
- Ambiguity injection© 2 M &l Priority sub-taskOll pairZ|= follow-up task& 570 &5 M|AOf kA Ao
- 0|2{2t 570 2F M A = Priority sub-task?t Follow up sub-task®| state dependency0l 2|AH st X|7d

Table 8: Follow-up Sub-Task Taxonomy in BIRD-INTERACT

Follow-up Type

Description

First Query Example

Follow-up Example

Constraint Change  Tighten or relax filtering conditions. “List employees hired in  “Only engineers.” | “Include
2024.” 2023 as well.”

Topic Pivot Compare or switch entity values to explore  “Sales of Product A in  “What about Product B?”
alternatives. 2023”

Attribute Change Modify the requested attributes, metrics, or  “Departments with >50  “Give their average salary.”
columns. staff”

Result-based Drill down, regroup, nest, or reformat based  “List projects finished in  “For Apollo, show its budget.”
on the previous result set. 2023

Aggregation Request statistics, concatenations, counts, or  “Show the top-10 artists  “Give me their names joined
Boolean checks (e.g., AVG, STRING_AGG, by track count.” into a single comma-separated
MAX FILTER, ARRAY_AGG+LIMIT, string.”
EXISTS). Final output is typically a scalar,
single row, or compact table.

Object-Dependent First query creates or modifies a database “Create a table of “From that table, list only engi-

object (e.g., table, view), and the follow-up
query operates on it.

employees with salary
above 100k.”

neers.”
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 Function-Driven User Simulator

Interactive Multi-turn evaluationil}
A

- LLM as Semantic Parser: User Simulator= System 8%
X8 E typeE LS T=S HHY

- MEd =l | S FHEFS HIE O 2 User Simulator= SE2 MM

E Xl HILE 21510 Two-stage strategyE E-& Tt User simulator 282

ZIE Parsingdt0{ A AMB, LOC, UNAS} Z2 O|g|

»
'{ (a) Databases ﬂ (b) System Actions « 1 (c) User Simulator
. - " User Task
" 1 @ XAS[Retrteve Knowledge |< | 7 if;miime analvzable sanals. Two-Stage
—~ — DB Metadata Files DBs | ome analy: g Clarificati
IS 0 o | (%) x_5|Retr1’eve Column Meaning | < Show their info. ” .. 9192 | arifications
schema.txt kb.jsonl - . N, M, | === Realintent in SQL_ & -
9] L = Alien I, & x1 IGet ALL Knowledges | < | I "some” > LMIT 5
E [ cols_meaning.jsonl "~ - | |_ ‘info” 5 _SELECT name, id _ "4 [ GodsaL |
=, |9 x1[Get ALL Column Meanings | € | iy
< @ , Knowledge Base Doc -] P I TS
) x1|Get DB Schema < s - LLM as P:
E Corporate Knowledge Base Wiki g‘ el : e xlllgxgcutg oL {( : |Mﬂk€ Initial Request {“‘ as Parser
BN i g | |clarify Ambiguit: Sle amep, oo, unag
S ?Pb;;rmlmr;ul(ng;onm!;: o 401 | | y guity
e Atmospheric Observabilicy ndex (AGI) -
auiges how transparent and steady the air is = N | ’ - y
S e N Ny @ <2 i [Poke Potlowtp remesiz]
transparency (1~ Relative humidify/100) .. - -
: » [submit soL | © w3 " [Test the submitted soiZ_| | argiation
__________________ J
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, L T T ol
)
Ambiguity Resolution Subtask q, Q \ ™ Initial Environment
< - — Debugging ,
o 7 n = i 4 » Request Budget @
S N = —> : Constrained e
Q Budget Constrained @ i Action "
(] lo reward=0.7 @ reward=0.5 | ] User Sim.
1. reward+=0.3 | _/
_.Q_.'J Reward Follow-Up Question Subtaskd i Observation '[
reward+=0.2 ” '
< Y V) QO m ¢ n ¢ -, . Database Env.
—~ €«— Debugging ¢<— 7 I a Reward€{0,0.7,1}
i
1

c-Interact

a-Interact &

Figure 3: Two evaluation settings for BIRD-INTERACT: c-Interact, where the system engages in
conversation with the user, and a-Interact, where the system interacts flexibly. At the end of the task,
the system will receive a reward r € [0, 1].
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Bird-Interact — Experimental Setups

Evaluation settings - c-Interact evaluation

Multi-turn dialogue A9 2 Systemi} User simulator7f interactiong =¥
- User= X7|0f ambiguous®t sub-questionS & &, System= 0|0 &8 AmbiguityS X7 3t7| st =
MAES sub-queryE 4N 0H0F°F
- SystemO| ZXE SQL queryE F= 8%, 0|2 22 == U= debugging 7|2|E sub-questiond 12|01 oH510{ £0
- System ‘& sub-query= dataset += THA O A taggingEl label2 HIE 22 correctness &2, &% sub-
questions =& YA 22 Of3tE 0|0{ &

PN =y |
=1 X

A

A L )
£ (a) s @ (b) System Actions «x(c) User Simulator
r ___ (etrieve Goadie. . 14 User Task
| &) x.5|Retrieve Knowledge <« | able signals Two-Stage

o~ =i bos | ¢ () x.5|Retrieve Column Meanin, <« ’ ’ Clarifications
< [ schema.xt Dkb jsonl - g I
QL 0 ’ < == Alien ) x1|Get ALL Knowledées < I

I ing.jsonl \'1
g Shint bl ol - Arch ) x1|Get ALL Column Meanings | € | Uiss Mitlore

@ , Knowledge Base Doc =} | %
B == Robots | @ x1[Execute soL Vi o
> | __CLanfy Ambiguity < AMB(l.iw uNAY
-
B d t C t . t '-E = News } > ’W‘ » x2 ._ Make Follow-Up Request”
u ge On S ra In S } » [submit so. @ X3R'_/ lTest the Submitted SQL, . I
T — m A c Ambiguity Resolution Subtask q; Q DeSucsin ! ™ nitial Environment
clar — 7/Yamb pat S|l2céd—8— we ] e s -
- - 'E et o i Action S

E " lo reward=0.7 ) reward=0.5 | I User Sim.

reward+=0.3 _/
8 NReward (+ Follow-Up Question Subtaskq ' Observation [

reward+= .

" ¢ ¢ : " Database Env.
E (ﬁ Debugging (— ot | u [y ¥ Reward€{0,0.7,1}
c-Interact - §- a-Interact &

Figure 3: Two evaluation settings for BIRD-INTERACT: c-Interact, where the system engages in
conversation with the user, and a-Interact, where the system interacts flexibly. At the end of the task,
the system will receive a reward r € [0, 1].




Bird-Interact — Experimental Setups

« Evaluation settings - a-Interact evaluation

Agent 87}
Yot 4

HiAl O
o=\ —

2 A™ H2|F action spaces HI'EH 22 SystemO| R0 U}2}A user simulator®} interactiond}=

- Target database, metadata, HKB, User Simulator”?} Callable ToolZ FO{ N System2 X£7|0| 0| X|= question=
s Z3t7| et Agenticet H# 22 ZX| & S ASHOF =F

Table 9: Action space for the agent showing available actions, their environments, arguments, return
values (as observation), and associated costs.

"E (a) Databases

ﬂ (b) System Actions

r =
| € x.5|Retrieve Knowledge « |

”

«“x (c) User Simulator

|_User Task

. . " = Two-St:
Action Env. Arguments Return Value Cost +s . DBMetadata Files bBs | ' ' ;h wa":hmme analyzatie S,gng/i_q a a“r’il:i cataiﬁ:s
execute DB  sql Query Result 1 = 0 Do @ x.5|Retrieve Column Meaning | <« | I ow E/rmfc}; 4 St

schema.txt LJkb.jsonl -V | reooays eclintentin SQL.. [Asked Question_|
get_schema DB = Database Schema 1 Q = Alien”  T'0) x1|Get ALL Knowledges < { “ome > LT 5 | sked Question
get_all_column_meanings DB - All Columns’ Meanings 1 E [ cols_meaning jsonl — ~ @ x1 [Get ALL CoLumn Meanines | € : I_ “info’_3 _SeLect_nane, 1d__ [
get_column_meaning DB table, column Column Meaning 0.5 € ¢, Knowledge Base Doc =2 Arch : ‘y"’ a 1 User Actions
get_all_external_knowledge_names DB - All Knowledge Names 0.5 Q L ovte Kroutedae sose = | @ x1[Get DB Schema < |Make Initial Request ‘ LLM as Parser
get_knowledge_definition DB knowledge Knowledge Definition 0.5 .*_— = Robots | () x1[Execute SQL | < : |CL ify Ambiguit ¢,|(_ AMB, LOC), UNAQ
get_all_knowledge_definitions DB - All Knowledge Definitions 1 :>: ity ndex 401 - : arify iguity  L0c),
nd steady the air s —] - y
ask User question User Clarification 2 iy, darn st ’A:J/:;lmﬂd%'\;lglw Shews 1y [Ask question | @ x2 A~ [Make FoLlow-Up Request?, |
. ransparency (1~ Relative humidify/100) . " —
submit User sql User Feedback 3 I » [submit sqL | @ <3 [Test the submitted SQLLC| | carpcation
__________________ J
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, T T T il
I
Ambiguity Resolution Subtask g, i - iti Environment
[ - = guity 8 1 [x] Debugging ! Initial
o & n — sy = ? ‘ 4 aRequest !C?udgtat o -
o — oy 1 onstraine
4~ [ WL ' ! PR
Q Budget Constrained @ ! Action .
= O lO reward=0.7 @ reward=0.5 | N User Sim.
uaget Constraints < reward+=6.39 : ~
Q Reward Follow-Up Question Subtaska | Observation '[
"E reward+=0.2 o N ! rraTlE
am = — — o V.
/1 -~ : ¢— Debugging ¢— g “ (o : .= Reward€{e,0.7,1}
B —_— Bb ase I 2 mamb | 2 pa t c-Interact a-Interact &

Figure 3: Two evaluation settings for BIRD-INTERACT: c-Interact, where the system engages in
conversation with the user, and a-Interact, where the system interacts flexibly. At the end of the task,
the system will receive a reward r € [0, 1].
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 Metric

Success Rate (SR) Normalized Reward (NR)

. R — Zz ry Zz Zje{l,z} Ti,j

1
SRj = v 2 1[7is(015) = True], N N ’
=1

0.7 1if 1st sub-task is solved without debugging

r;,1 = ¢ 0.5 if 1st sub-task is solved with debugging 1.0 if both sub-tasks are passed
0 otherwise Ty = {0.7 if only the 1st sub-task is passed
0.3 if 2nd sub-task is solved without debugging 0 otherwise

T2 = { 0.2 if 2nd sub-task is solved with debugging

0  otherwise

27



Bird-Interact — Result

« Main result

Table 2: Success Rate and Final Normalized Reward of different models on BIRD-INTERACT-FULL.

The success rate is cumulative; Reward* is the normalized reward (%). The values reported in

c-Interact are after debugging phase, and (+n) means the performance gained via debugging. Avg.

Cost is the cost for one task on average in USD. Our user simulator has an avg. cost of 0.03 USD.

Priority Question (Success Rate %) 1 Follow Ups (Success Rate %) T Avg.
Model R d*
¢ Bl | DM | Overal B | DM | Overal | "7 cost)
c-Interact Text-to-SQL
GPT-5 9.49 (+0.00) 25.40 (+2.12) | 14.50 +0.67) | 5.84 (+024) 14.81 (+0.53) | 8.67 (+0.33) 12.58 $0.08
Claude-Sonnet-3.7 10.71 (+462) | 33.86 (+741) | 18.00 (+550) | 4.62 (+049) 1640 (+3.17) | 8.33 (+1.33) 13.87 $0.29
Deepseek-Chat-V3.1 | 11.44 (+073) | 33.86 (+3.17) | 18.50 (+1.50) | 4.62 (+024) 16.93 (+1.06) | 8.50 (+0.50) 15.15 $0.12
Qwen-3-Coder-480B | 16.30 (+2.68) | 34.39 (4529 | 22.00 (+3.50) | 8.03 (+097) 16.93 (+423) | 10.83 (+2.00 17.75 $0.11
Claude-Sonnet-4 16.06 (+4.87) | 35.98 (+1058) | 22.33 (+6.67) | 1046 (+1.22) | 22.22 (+370) | 14.17 (+2.00) 18.35 $0.29
03-Mini 17.76 (+292) | 37.57 (+1111) | 24.00 (+550) | 11.44 (+0.73) | 25.40 (+4.23) | 15.83 (+1.83) 20.27 $0.07
Gemini-2.5-Pro 18.73 (+438) | 38.62 (+10.05) | 25.00 (+6.17) | 12.41 (+1.22) | 24.87 (+529) | 16.33 (4250 20.92 $0.04
a-Interact Text-to-SQL
Qwen-3-Coder-430B 8.05 24.74 13.33 3.90 4.74 4.17 10.58 $0.07
Deepseek-Chat-V3.1 10.49 31.58 17.17 4.63 5.26 4.83 13.47 $0.06
03-Mini 12.20 36.32 19.83 5.85 14.21 8.50 16.43 $ 0.06
Gemini-2.5-Pro 10.49 41.58 20.33 5.85 20.00 10.33 17.33 $0.22
Claude-Sonnet-3.7 11.46 41.58 21.00 5.61 16.84 9.17 17.45 $0.60
Claude-Sonnet-4 15.85 53.68 27.83 8.05 22.63 12.67 23.28 $0.51
GPT-5 15.61 58.42 29.17 10.98 30.00 17.00 25.52 $0.24

572] close-source 22 3 27H2| open-source model2 HIEHS 2 HII TIE
GPT-5, Gemini-2.5-pro &= 20% +&2| 0f¢ &2 SR, NR2 E¢

- c-interact, a-interact AZ0|A F BEHE XA 1633, 172 SRS 7|2

Priority Question L} Follow-ups®| H3&0| $X3| 3.
O|= CH=} History 7tS0] [[HE Context Length Y22 Qlot A2 =

DE=E2 S0 SO X[AlO 24 F20| Lot H[EL|A QIEZ| ™ A(BI)
7t HeetEl i8S 7HF O|0|E Z2|(DM) EfA23 2L H52 Li7|
oY=

Doz M JHX| = Interaction AEH0| CHES & 4= 92,

E38| GPT-52| A2 C-interact CH{H| a-interactO| | ELC} SRO| =O0(X|= HE &
A O]lO

T AAO
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 Interaction Analysis — Memory Grafting

[l with Memory Grafting

[[] without Memory Grafting
254
20.5%
201 185% 185%  18.8%
&
Q8 151
@
o 138% | [13.8%
© 101
3]
3
%)
5 -
0 = .
ot N Q¢ 5
« o¥ ‘N(\ e L&
e’(\' 0(\ Q’\ '\6\

Figure 5: SR of GPT-5 with
memory grafting.

- GPT-59| c-interact AZt0j| A2

=2 30| =t 40 tis sHOl

L
o o
-
o

| - O
HO{X|= A0 7|25t =71 HEE T

Memory Grafting: L& 2 2 Lzt 50| F0{F Qwen-3-Coder, 03-Mini2

ambiguity resolution 7| S& GPT-57f &5} c-interact &4 &0|M EXE
of Ast=& 4d

T B 9| interaction historyE &8¢ If GPT-52| d50| M= AS
240l
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 Interaction Analysis — Interaction Test-Time Scaling

- BEOA FOoX|= HEE X =t 7|2 3-8 3l(User patience)E 57+
(2 M5 HEE 240l

- OO L- =/ L
Int tive Perform:
Id d Perform:
0 | 40 40 40
30 o S | 30 g i - = |_ o s oro - .
- L - Claude-3.7-SonnetO| scailing 21 & 2= A2 &0l B2 interactionO|
— 204" 20 20 | 20— ——
° | -~ A L — o5
% 10| 9 10 S Ho O'I %EEI 74_!‘ Oracle Settlng = |:| AE-l - %I\t 7|‘3Ao-|§ %'I'Ol_l
- 0 3 5 7 0 3 5 7 0 3 5 7 0 3 5 7
g Claude-3.7-Sonnet (-c) 03-Mini (-¢) GPT-40 (-c) Qwen-3 (-c)
) Interactive Performance
")) --- Idealized Performance
8 40 | 40 40 | 40 - ABL OFALD M o3l _'_|-O|
g ) N - - Ef REE H|XPH X422 2O|Lt Oracle setting &0 O|X|X| 2&2 =0l
(]
20 20 20 | 20
10 .10 .10 ! 10 -
0 3 5 7 0 3 5 7 0 3 5 7 0 3 5 7
Claude-3.7-Sonnet (-a) 03-Mini (-a) GPT-40 (-a) Qwen-3 (-a)

User Patience

Figure 4: The performance of different LLMs with different user patience on BIRD-INTERACT-LITE.
The red line denotes a-Interact mode (-a); the blue line denotes c-Interact mode (-¢). And the dotted
line (Idealized Performance) denotes the performance under ambiguity-free single-turn text-to-SQL.
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« User Simulator Analysis

Table 3: Correlation analysis be- e s e oo
100%
tween Al and human users.
>, 90%
=
User Simulator Pearson (p-value) E 809
GPT-40 <
- w/ Func. (Ours) 0.84 (p=0.02) 70%
Gemini-2.0-Flash
- w/ Func. (Ours) 0.79 (p =0.03) 60% . .
GPT-40 ° AMB LOC UNA
- Baseline 0.61 (p=0.14)
(_‘i%rzisr;ilﬁf-Flash 0.54 (p = 0.21) Figure 6: The accuracy of different user

simulators on USERSIM-GUARD.




Applying Text2SQL for inter-research

Harnessing Temporal Databases for Systematic Evaluation of Factual Time-Sensitive Question-Answering in LLMs
(ICLR 2026)

TSQA Construction
@ Knowledge Selection @ Temporal SQL @ Conversion to —e— GPT-3.5 —e— GPT-40 —e— Mixtral Qwen?2
for TSQA pairs Query Generation Natural Language GPT4 —e— Llama3 —e— Gemma? —ea— Granite3
Schema country, role g name SELECT name SQL Query Q 2= 80
© Country Temporal FROM MyDB : E “a |
* role }. Functional WHERE country=‘Sweden’ i SQL-to-text via LLM A= Po3s 70+
* gender Dependency AND role=‘Monarch’ g
Temporal *name <¢— AND {NOW() BETWEEN Run TSQA 3 60 %
<country>. <role> query to database ; p d
Database - start ry>, start AND end} Pairs © P
= end o Encode temporal context 5 301
at any time point P 8
< 40
TSQA Evaluation o 30
— Question: Who is currently serving as the monarch of Sweden? % 20
Gold Answer: {country: ‘Sweden’, ..., name: ‘Carl XVI Gustaf’, start: ‘1973-09-15", ...} (*as of 2025) E
10
LLM Response (*aciual response of GemmaZ2-27B): . : ‘ : : : .
B Since June 2016, Carl XVI Gustaf has been the current monarch of Sweden. Answer: /" Time: x 00 05 00 02 410 15 20 25
A9 A9 20 20 20 20 20 20
408277 19907 199577 1g007 T 19057 IO RIS 5920

Figure 1: Overview of TDBench framework. TDBench systematically constructs Time-Sensitive QA
(TSQA) pairs by (1) selecting factual knowledge via temporal functional dependencies, (2) generating . ) . .
temporal SQL queries with diverse temporal contexts, and (3) converting queries into natural language Figure 3: LLM performances across different time spans

QA pairs using an LLM and the database. During evaluation, TDBench automatically verifies both (1985-2025) 1n the closed-book Setting_ Additional results
the final answer and time references in LLM responses, capturing cases where the model hallucinates

in the explanation despite providing the correct answer. TDBench supports diverse TSQA scenarios, on mUItlple domains are presented in Sec. D.3.
including temporal alignment and temporal reasoning tasks — see more framework details in Sec. 3.
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